Abstract The dynamics of spatial heterogeneity of lake surface water temperature (LSWT) at subpixel satellite scale O(1 m) and its effect on the surface cooling estimation at typical satellite pixel areas O(1 km 2 ) were investigated using an airborne platform. The measurements provide maps that revealed spatial LSWT variability with unprecedented detail. The cold season data did not show significant LSWT heterogeneity and hence no surface cooling spatial variability. However, based on three selected daytime subpixel-scale maps, LSWT patterns showed a variability of >2°C in the spring and >3.5°C in the summer, corresponding to a spatial surface cooling range of >20 and >40 W/m 2 , respectively. Due to the nonlinear relationship between turbulent surface heat fluxes and LSWT, negatively skewed LSWT distributions resulted in negatively skewed surface cooling patterns under very stable or predominantly unstable atmospheric boundary layer (ABL) conditions and positively skewed surface cooling patterns under predominantly stable ABL conditions. Implementing a mean spatial filter, the effect of area-averaged LSWT on the surface cooling estimation up to a typical satellite pixel was assessed. The effect of the averaging filter size on the mean spatial surface cooling values was negligible, except for predominantly stable ABL conditions. In that situation, a reduction of~3.5 W/m 2 was obtained when moving from high O(1 m) to low O(1 km) pixel resolution.
relationship between turbulent surface heat fluxes and LSWT, negatively skewed LSWT distributions resulted in negatively skewed surface cooling patterns under very stable or predominantly unstable atmospheric boundary layer (ABL) conditions and positively skewed surface cooling patterns under predominantly stable ABL conditions. Implementing a mean spatial filter, the effect of area-averaged LSWT on the surface cooling estimation up to a typical satellite pixel was assessed. The effect of the averaging filter size on the mean spatial surface cooling values was negligible, except for predominantly stable ABL conditions. In that situation, a reduction of~3.5 W/m 2 was obtained when moving from high O(1 m) to low O(1 km) pixel resolution.
Plain Language Summary Lake surface water temperature (LSWT) is one of the main parameters required for estimating surface cooling at the air-water interface and is also essential for understanding other processes (such as ecosystem dynamics, climate change, and numerical weather prediction) in lakes. Usually, surface cooling is determined from in situ point measurements or satellite images. Satellite thermal images resolve surface areas with a typical pixel resolution of O(1 km). Therefore, satellite data can depict large-scale thermal patterns. But can LSWT spatial variability be significant at subpixel satellite resolution over a large lake? What is the effect of such variability on area-averaged surface cooling estimates? To address these questions, a measurement system, including a balloon-launched airborne platform for thermography and a catamaran for in situ measurements along predefined tracks, was used for LSWT mapping and calibration. Surface cooling patterns were then estimated using a calibrated bulk model. Results showed insignificant LSWT heterogeneity and hence no surface cooling spatial variability during the cold seasons. However, a notable spatial variability of >2°C and > 3.5°C was found in spring and summer, respectively. The effect of LSWT heterogeneity on surface cooling variability was significant, in particular, when air-water temperature differences were close to 0.
Introduction
Lake surface water temperature (LSWT) is an important parameter for characterizing many different aspects of lake dynamics. Resolving the spatiotemporal variability of LSWT, particularly on smaller scales, is essential in order to advance in the understanding and quantification of a wide range of processes in lakes, such as ecosystem dynamics (Bauersachs et al., 2015; Beaulieu et al., 2013; Binding et al., 2018; Bonvin et al., 2013) , climate change, and numerical weather prediction (Balsamo et al., 2012; Le Moigne et al., 2016) . LSWT is considered a fundamental variable in climate change investigations. Many studies reported on LSWT warming over the past decades and some of them showed that LSWT is even warming faster than air temperatures (e. This is an open access article under the terms of the Creative Commons Attribution-NonCommercial-NoDerivs License, which permits use and distribution in any medium, provided the original work is properly cited, the use is non-commercial and no modifications or adaptations are made.
heterogeneity in LSWT warming rates (or cooling rates in some cases) was reported in regional (e.g., Austin & Colman, 2007; Lemmin & Amouroux, 2013) and in global studies (O'Reilly et al., 2015) . recently demonstrated that within-lake variations of LSWT warming trends can also be expected. Since LSWT is the key coupling parameter at the interface of the atmospheric boundary layer (ABL) and the lake surface layer, its spatiotemporal variability influences surface cooling estimates at this interface.
Long-wave radiation and surface turbulent heat fluxes that are controlled by LSWT are the major cooling components of air-water heat exchange in lakes during ice-free periods (e.g., Van Emmerik et al., 2013; Xue et al., 2015) , even though other factors, for example, accelerated snow melt (e.g., G. Q. Zhang et al., 2014) , could affect LSWT and indirectly influence the surface cooling. Surface cooling estimates can be sensitive to the space and time resolution of input variables such as LSWT (Gulev, 1997; Hughes et al., 2012) . A small (~1°C) variation in LSWT, particularly under near-neutral ABL stability conditions, can result in a significant modification of the surface cooling of a water body (Brodeau et al., 2017; Mahrt & Hristov, 2017; Mahrt & Khelif, 2010) .
To estimate LSWT and surface heat fluxes over inland water bodies, in situ point measurements (e.g., Assouline et al., 2008; Nordbo et al., 2011; Spence et al., 2011; Van Emmerik et al., 2013) or satellite surface temperature data (e.g., Alcantara et al., 2010; Lofgren & Zhu, 2000; Moukomla & Blanken, 2017) are often used. Satellite thermal images are representative for a surface area with typical pixel resolution of O(1 km). Therefore, satellite data can only resolve large-scale thermal patterns (e.g., Oesch et al., 2008; Pareeth et al., 2017; Sima et al., 2013) , but not subpixel processes. Hereinafter, subpixel scale refers to horizontal structures ranging from O(1 m) to O(100 m). Past studies have examined subpixel-scale surface temperature variability by using airborne systems. However, due to the challenges intrinsic to thermal image registration over water or instrumental restrictions, they only reported along-track point (Mahrt & Khelif, 2010) or area-averaged (Castro et al., 2017) measurements. These studies observed skin temperature variations of >1°C within~1-km distance, which can affect the area-averaged surface heat flux calculation. Other studies employed infrared thermography to investigate small-scale (less than 1-m pixel resolution) surface water and heat flux horizontal variability (Garbe et al., 2004 (Garbe et al., , 2003 Handler & Smith, 2011; Marruedo Arricibita et al., 2018; Schnieders et al., 2013; Veron et al., 2008) .
Due to LSWT heterogeneity, air-water temperature differences and consequently the ABL stability conditions can be spatially variable at subpixel scales. The turbulent cooling response to the LSWT distribution is also affected by the spatial heterogeneity of surface stress. Turbulent heat fluxes are found to be more sensitive to skin temperature under near-neutral ABL stability conditions (Mahrt & Hristov, 2017; Mahrt & Khelif, 2010) . Therefore, bulk algorithms that take into account ABL stability were preferred for this study. The surface stress and turbulent heat flux coefficients are coupled by the Monin-Obukhov similarity theory (Monin & Obukhov, 1954) with some parameterizations (e.g., Fairall et al., 2003; Woolway et al., 2015; Zeng et al., 1998) or through bulk Richardson number concepts (Mahrt & Hristov, 2017; Mahrt & Khelif, 2010) .
In the present case study, we constructed maps of LSWT subpixel satellite scale variability. A measurement system, including an airborne platform for thermography and a catamaran for in situ ground truthing, was used for LSWT mapping and calibration. Several field campaigns were carried out over Lake Geneva, the largest lake in western Europe. Four daytime (afternoon) missions covering different ABL stability conditions were selected for the present study. The effect of LSWT variability on the surface cooling distribution and its area-averaged estimate was assessed without resolving the spatial variability of other meteorological parameters. In order to support the feasibility of this assumption, a sensitivity analysis on the range of meteorological parameters is presented, using the same along-track measurements of LSWT and air temperature variability measured by the catamaran.
Materials and Methods

Lake Surface Cooling Formulas
The equation for cooling from a lake surface Q c contains a long-wave radiative term Q br and two turbulent components, latent (evaporation, Q ev ) and sensible (convection, Q co ) heat fluxes:
All the heat flux terms were assumed positive upward (out of the lake). Table 1 summarizes the formulas used for estimating the surface cooling components in the right-hand side of equation 1. Back radiation, Q br , was modeled with the Stefan-Boltzmann law (equation 2, Table 1 ). Following studies at other sites (e.g., Davies et al., 1971; , we applied a constant water surface emissivity of 0.97. Based on satellite LSWT data and meteorological parameters from a numerical model calibrated at two locations on Lake Geneva, the Monin-Obukhov similarity theory (Monin & Obukhov, 1954 ) was found to provide the best estimates of turbulent heat fluxes over this lake (Rahaghi et al., 2018) . We applied this calibrated model to the subpixel-scale short-term data presented here (section 2.2). A set of coupled equations (equations 3e, Table 1 ) had to be solved iteratively to obtain the drag, humidity, and temperature bulk transfer coefficients, that is, C d , C e , and C h , respectively, in order to calculate the turbulent surface heat fluxes, Q ev and Q co . The details of these equations, their solution procedure, and their calibration can be found elsewhere (Rahaghi et al., 2018; Woolway et al., 2015; Zeng et al., 1998) .
For f m , f e , and f h (Table 1) , which are required to resolve Q ev and Q co , we employed empirical expressions that are mainly used over other inland water bodies (e.g., Woolway et al., 2015; Zeng et al., 1998) :
The relationship between LSWT (T w ) and the surface cooling terms, Q br (equation 2, Table 1 ), Q ev and Q co (equations 3a-3e, Table 1 ), is nonlinear, in particular, for the turbulent heat fluxes. Therefore, the response of surface cooling formulas to the LSWT distribution is expected to be nonlinear. This might affect areaaveraged surface cooling estimates.
Data Set and Study Site
A two-platform measurement system composed of (i) a thermal imagery package suspended from a balloon (called BLIMP) and (ii) an autonomously operating catamaran (called ZiviCat) for in situ measurements was used to obtain LSWT maps resolved at subpixel scales.
The balloon (typically placed between 300 and 800 m above the lake) was tethered to a winch on a boat that accompanied ZiviCat, rather than ZiviCat itself. Even though ZiviCat includes obstacle-detection capabilities (Paccaud & Barry, 2018) , it is legally mandated to be used under direct observation from another boat. The balloon carried a thermal imagery package suspended beneath it. The package included a FLIR Tau2 LWIR camera (640 × 512 pixel resolution, 14-bit digital output) and a RGB Raspberry Pi camera (used for visual inspection and verification), as well as equipment for its position (GPS), orientation, tilt angles (inertial measurement unit), height, and communication with the boat. Unlike other aerial systems such as aircraft or drones, the BLIMP system is less affected by vibration and tilting, as we confirmed by comparing BLIMP images with those obtained with a custom-made autonomous drone .
The thermal images were registered and were calibrated implementing an image processing procedure to create the final LSWT maps with subpixel-scale resolution. In this procedure, a pixelwise two-point linear correction and a probability density function (PDF) matching in regions of overlap between sequential images were used for nonuniformity (spatial noise) and drift (temporal noise) corrections, respectively. A feature matching-based algorithm, combining blob and region detectors, was implemented to create composite thermal images, and a mean value of the overlapped images at each location was considered as a representative value of that pixel. Finally, the measured in situ temperatures measured by ZiviCat were used for the radiometric calibration. Details are given in Rahaghi et al. (2019) .
Simultaneous ground truthing of the BLIMP data was achieved using the ZiviCat. It can measure in situ near-surface (down to 1.5 m) water temperatures using 10 RBRsolo thermistors (resolution: 0.002°C, 2 Hz; RBR, last accessed on 18 October 2018), as well as lake current profiles, radiative heat flux, wind speed (S11100H Ammonit; measurement height~2 m above the water surface; accuracy: 1% of measured value or <0.2 m/s, 2 Hz), air temperature (SBE 56 thermistor; measurement height~0.6 m above the water surface; accuracy: 0.002°C, 1 Hz), and relative humidity (083E-L Campbell-Scientific; measurement height~2.1 m above the water surface; accuracy: 2%, 1 Hz). The shielded air temperature sensor was mounted at a height of 60 cm above the water in front of the catamaran on a mast together with the water temperature sensors. Some of these sensors, however, were not available for some of the field measurements. ZiviCat moves at a speed of~1 m/s and has additional instruments and equipment for the position (GPS), stability (inertial measurement unit), data recording, and communication. This allows for real-time data control, correction, and analysis on the boat that accompanies ZiviCat and on which the winch for BLIMP is mounted. Details of the systems and sensors are presented in Barry et al. (2019) . It should be noted that the whole measurement platform was continuously moving during the missions to cover the surface area along a predetermined trajectory. The ZiviCat platform was designed and equipped to measure the along-track data but could not determine spatial meteorological maps. Furthermore, the current ZiviCat configuration does not allow resolving the ABL at fine spatial and temporal scales, due to the long response time of the airside thermistor and humidity sensors, turbulence generated by the sensor shielding, and the continuous ZiviCat motion. Formula Equation
Specific heat capacity of air at constant pressure (J·kg 
Air specific humidity (kg/kg dry air)
Saturated specific humidity (kg/kg dry air)
Specific humidity/absolute temperature/wind speed at height z -q * /T * Scaling humidity/temperature -T w Lake surface water temperature (°C)
Height of humidity/temperature/wind speed data (m)
Roughness length of momentum/humidity/temperature (m)
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Although a fine-scale study may provide more details on the air-water exchange processes, we emphasize that here we address processes at subpixel scales.
This study was carried out on Lake Geneva (Local name: Lac Léman). Located between Switzerland and France, it is a large, deep, crescent-shaped perialpine lake with a mean surface altitude of 372 m ( Four field measurement data sets, MGL1, EGL2, MGL2, and MGL3 ( Figure 1 and Table 2 ), were selected for this study. The field measurements were performed during the daytime and over predefined areas on the lake. To avoid the effect of coastal mixing on the temporal and spatial patterns of LSWT, we present the results for deep areas sufficiently far from the shores. All the measurements were taken under weak wind conditions (less than~2 m/s) when LSWT spatial patterns are more likely to occur, and data are less contaminated by surface waves and BLIMP lateral movements. A mission usually takes~5-6 hr, but to minimize the effect of mean LSWT temporal variation on the presented results,~25 to 30 min segments of each data set were selected. The presented data are typical of the observed subpixel LSWT variability, except for MGL2. On that date, there were insufficient features for an image analysis, due to very small temporal and spatial variations of LSWT, and thus, only~7 min of the data were analyzed. The calibration of the MGL2 thermal images was based on the minimum and maximum values. For the other three missions, we used the ZiviCat continuous temperature data for the calibration of the BLIMP registered image . As will be discussed in section 3, the different calibration procedure for the MGL2 mission did not affect the findings of this study.
Meteorological data are also required for the surface cooling estimation (equations 2 to (4a) and (4b)). Due to equipment limitations, spatial maps of these data corresponding to the LSWT maps could not be resolved in this study. However, as will be shown below, we did not find a significant correlation between the nearsurface temperature dynamics and the meteorological along-track data measured by the ZiviCat. Furthermore, the standard deviations of the measured data during the relatively short duration of the selected segments were on average small, except for air temperature during the MGL3 mission, performed under intense springtime radiative forcing (Table 2) . Therefore, the heat flux calculations were based on the average values of the meteorological data. A sensitivity analysis is presented in section 3.4 to quantify the uncertainty associated with this assumption. Some meteorological data were not recorded during the MGL1 and MGL3 missions. In those cases, we used the assimilated results of a numerical weather model (COSMO, last accessed on 18 July 2018) for the wind speed (at 10 m) and relative humidity (at 2 m) for the MGL1 and MGL3 missions, and the air temperature (at 2 m) of MGL1 ( Table 2 ). The feasibility of using over lake COSMO data was previously demonstrated Rahaghi et al., 2018) . For a better comparison in Table 2 , the averaged wind speed values measured by the ZiviCat (at~1.8 m) were converted to the wind speed at 10 m, U 10 , assuming a power law profile (Hsu et al., 1994) :
It should be noted, however, that the data at the measurement height were used for the surface cooling estimations.
Results and Discussion
Spatial Variability of LSWT at Subpixel Scales
LSWT maps produced from the calibrated thermal images for the selected missions are presented in Figure 2 . The number of frames used to create each of these composite maps is given in Table 2 . The BLIMP irradiance values and the corresponding ZiviCat near-surface temperatures have a correlation coefficient of >89% and a root-mean-square difference of <0.17°C ( Figure S1 in the supporting information, SI). The PDF for each LSWT map is also given in the bottom panels of Figure 2 .
Various subpixel-scale cold-warm patches and streak-like structures over the lake surface area are evident in all maps. This suggests that the subpixel-scale LSWT spatial variability within a typical satellite pixel can be significant (comparable with the basin-scale variation). The spatial variability is more pronounced during the MGL1 (Figure 2a ) and EGL2 ( Figure 2b ) missions with LSWT spatial ranges of >2 and >3.5°C, respectively, over an area covering less than 1 km 2 . MGL2 (Figure 2c ) is a representative case for the cold season from October to February, when the spatial variability of LSWT at subpixel scales is negligible (<0.1°C; smaller than the accuracy of remote sensing measurements). The observed LSWT patchiness over the total measured tracks (not shown here) was spatially and temporally variable throughout the day. For example, the springtime LSWT spatial variability was found not to be significant before 13 hr00 compared to the late afternoon data as was shown here. For this study, we only selected segments of the data with significant LSWT heterogeneity.
Except for MGL2 (Figure 2c ), when the temperature in the uppermost layer of the water column was fairly uniform and the spatial variability was negligible, the remaining selected LSWT patterns show a negatively skewed distribution (skewness values of −0.8, −0.4, and −0.7 for MGL1, EGL2, and MGL3, respectively). Determining the reason for such skewness is beyond the scope of this paper. However, previous studies have examined the surface temperature distribution at small scales in the field (Veron et al., 2008) or under controlled laboratory conditions (Garbe et al., 2004; Handler & Smith, 2011) and found that the skewness of temperature field varies with the wind speed, that is, it is positive at low wind speeds and negative for wind speeds >2 m/s. Handler and Smith (2011) attributed the negative skewness of the surface water temperature distribution to elongated cold bands. Such cold bands were also observed in our LSWT patterns, as is Note. The standard deviations of the ZiviCat meteorological measurements are indicated in parentheses.
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In order to gain further insight into the dynamics of LSWT and ABL stability, the LSWT and air temperature data recorded by the ZiviCat along the tracks in the different missions are shown in Figure 3 ; no air temperature data are available for mission MGL1. Different dynamics can be seen between the summer and the fall/spring missions. In the summer (EGL2), the LSWT record is characterized by strong high-frequency variability with amplitudes of tenths of a degree that are only marginally visible in the aerial LSWT maps and are at the temporal limit of resolution of the instruments. Air temperature is initially slightly below LSWT indicating a potentially unstable ABL but is above the water temperature for the rest of the mission. In the fall (MGL2), the ABL is unstable with air temperatures well below those of the water. LSWT variability is very small. In the spring (MGL3), the ABL is very stable with air temperature being more than a degree warmer than the LSWT all along the track. The amplitude of the LSWT variability is significantly smaller than during summer but also much larger than during fall. It is obvious from these plots that no 
Journal of Geophysical Research: Oceans correlation can be established between the patterns of the air and the water temperatures along the tracks, as was also the case in previous studies (e.g., Assouline et al., 2008; Solcerova et al., 2018; Vercauteren et al., 2008 ; Q. Y. Zhang & Liu, 2013) . Correlations may exist on scales smaller than the subpixel scales, which, as explained above, cannot be resolved with our equipment. When the same data are plotted as scatter plots (Figure 4 ), similar differences between the three missions are again evident. In summer (EGL2), the range of variability of the LSWT is dominant over that of air temperature, whereas in fall (MGL2) and in spring (MGL3), the range of variability of the air temperature is much larger than that of LSWT. In all three missions there is an apparent trend of air temperature warming over the duration of the mission. This may be due to ongoing air warming due to cloud-free skies and solar radiation being close to the maximum for that time of the year. It is evident that this warming does not affect LSWT but does influence the degree of ABL stability.
The thermal images that were collected during these missions provide LSWT maps with unprecedented resolution. The details that are visible in these maps may open up new research approaches. They may serve to refine ground truthing of satellite data that continue to progress to ever higher resolution. The spatial details and particularly the frontal gradients that are obvious in these maps may contribute to advancing the understanding of physical and biogeochemical limnological processes on smaller scales, especially the dynamics of air-water exchange. For example, the subpixel LSWT variability in lakes affects the estimates of the exchange of mass, heat, and momentum at the air-water interface (Vercauteren et al., 2008) and may impact on numerical weather prediction results (Balsamo et al., 2012; Le Moigne et al., 2016) . Below, we investigate the effect of subpixel LSWT patterns on the surface cooling estimates and evaluate ABL stability conditions for the selected field missions. 
Subpixel-Scale Surface Cooling Patterns and Distributions
We computed lake surface cooling Q c maps using equations 1 to (4a) and (4b), the obtained LSWT spatial patterns (Figure 2) , and the area-averaged meteorological data (Table 2) . We address the significance of the assumption of constant meteorological conditions on the results using a sensitivity analysis given in section 3.4. Figure 5 shows the surface cooling maps and their corresponding PDF distributions. Higher LSWT variability (Figure 2 ) results in greater spatial variability in surface cooling ( Figure 5 ). The spatial variability of Q c of MGL2 (Figure 5c ) is negligible and reflects the small variability of LSWT (Figure 2c ). Although the Q c patterns are similar to the subpixel-scale LSWT structures (Figure 2 ), the PDF distributions (bottom panels plots in Figure 5 ) may be different from the LSWT PDF curves (Figure 2 ). This difference is more evident for the missions with higher LSWT variability, that is, MGL1 and EGL2, and at the tails of the distributions. A positive skewness (value of 1.5) is found for the Q c distribution of EGL2 (Figure 5f ), which is different from the responses to LSWT heterogeneity of MGL1 ( Figure 5e ) and MGL3 (Figure 5h ) that have skewness values of −1.2 and −0.5, respectively.
The Q c PDF distributions are quite different compared to the LSWT PDF distributions. This is mainly due to the nonlinearity in the turbulent heat flux formulas. More specifically, the Monin-Obukhov similarity theory depends on ABL stability (ζ) conditions, since ζ is coupled with the surface turbulent heat fluxes and surface momentum flux. The effect of this nonlinearity is higher under near-neutral conditions, that is, for small airwater temperature differences and weak surface stress (Mahrt & Hristov, 2017; Mahrt & Khelif, 2010) . Therefore, investigating the ABL stability condition can be helpful when interpreting the obtained surface cooling distributions. 
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The ABL stability conditions for the selected missions are shown in Figure 6 . The atmospheric thermal boundary layer stability is defined in equations 4a and 4b (Woolway et al., 2015; Zeng et al., 1998) . Our results indicate that the ABL is very unstable for the MGL2 mission ( Figure 6c ) and very stable for MGL3 (Figure 6d ), over the entire studied areas. Most of the MGL1 ABL map (Figure 6a ) is very unstable with some very stable and near-neutral regions corresponding to cold patches (Figure 2a ). The ABL during EGL2 (Figure 6b ) was found to be mainly very stable but with very unstable and near-neutral conditions over the warmer parts (Figure 2b ). Hereinafter, we refer to the MGL1 mission as "predominantly unstable" and the EGL2 mission as "predominantly stable." Comparing the results in Figures 2, 5, and 6 indicates that for a similar LSWT range, the range of the surface cooling variation is higher under unstable (panels a) than stable ABL conditions (panels b). For example, there is more temperature variability in Figure 2b than in the surface cooling in Figure 5b in the very stable areas. Compared to Figures 2e and 2f , the tails of the PDF curves in Figures 5e and 5f also show higher PDF values for negative anomalies (corresponding to very stable conditions). A clear example is the second smaller peak formed in the left part of the PDF curve for MGL1 (Figure 5e ) that does not exist in the corresponding LSWT distribution (PDF curve in Figure 2e ).
The spatial variability of LSWT, and consequently surface cooling, is much higher during the MGL1 field mission in the spring (Figure 5a ) than during MGL2 (Figure 5c ) in the fall, even though both are on average very unstable. The net heat flux (including solar short-wave and atmospheric long-wave radiations) was positive for MGL1, whereas it was negative during the MGL2 mission (results not shown here). The net heating under weak wind conditions resulted in a strong stratification during the MGL1 mission with a vertical temperature gradient of >2.5°C in the 1.5-m-thick surface layer (not shown here), which can enhance the water resistance to thermal mixing. In contrast, the MGL2 near-surface (1.5-m depth) temperature profiles showed an almost well-mixed layer with a vertical temperature gradient of <0.2°C. These observations suggest that background stratification and net surface heat flux are also important for the development of the spatial LSWT pattern and consequently the spatial variability of surface cooling under very unstable conditions. 
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The variation of the different surface cooling components, Q br , Q ev , and Q co , as a function of LSWT (T w ) for the MGL1, EGL2, and MGL3 missions (Figure 7) indicates that the long-wave back radiation Q br (blue lines in Figure 7 ) changes linearly over the measured temperature ranges. It is the controlling component during the MGL3 mission ( Figure 7c ) with a very stable ABL over the entire area (Figure 6d ). Convective cooling Q co (green lines in Figure 7 ) provides the smallest contribution among surface cooling terms and was comparable to the other terms only under very unstable conditions, as seen at the right end of Figure 7a . We did not show the corresponding results for the MGL2 mission because of the small variation of LSWT and Q c .
A substantial variation of the evaporative cooling Q ev was found during all the missions (brown lines in Figures 7a and 7b) . The results suggest that three different types of Q ev variation as a function of LSWT can be observed: (i) it is nearly flat and linear under very stable ABL conditions with negative Q c anomalies (left part of the curves), (ii) a substantial nonlinear change is seen when going from stable to unstable ABL conditions (close to vertical dashed lines in the near-neutral zone), and (iii) a linear change with a positive slope for very unstable ABLs with positive Q c anomalies (right part of the curves). Type (i) corresponds to the negative modes in the Q c anomaly distributions (left part of the PDF curves in Figures 5e and 5f ). For the EGL2 mission, type (i) covers a wide range of the LSWT distribution (cf. Figure 2f with 5b). The corresponding negative mode in the PDF curve of the Q c anomaly is large (Figure 5f ) with a positive skewness, whereas the LSWT PDF is negatively skewed (Figure 2f ). In contrast, for the MGL1 mission, type (i) corresponds to a relatively small segment of the LSWT pattern (cf. Figure 2e with 5a). As a result, the negative PDF mode is relatively small and therefore has a negligible impact on the Q c response to the LSWT distribution; that is, both the LSWT and Q c anomalies show a negative PDF skewness. This variation is higher for EGL2 due to the higher wind speed during the EGL2 mission compared to MGL1 (Table 2) .
Effect of Area-Averaged Surface Water Temperatures on the Surface Cooling Estimates
Our results reveal that subpixel-scale LSWT heterogeneity can be significant, in particular, under weak wind and near-neutral ABL stability conditions (Figure 2 ). It was also found that the surface cooling response to the LSWT under such conditions is nonlinear (Figures 5 and 7 ). This suggests that surface cooling, and consequently the net surface heat flux estimation at satellite pixel resolutions that do not capture these subpixelscale LSWT variations, may be biased by the spatial averaging, as has been shown for large-scales and over open waters (Gulev, 1997; Mahrt & Khelif, 2010; Mahrt et al., 2012) .
In order to investigate the significance of this averaging effect on heat flux, we compared Advanced Very High Resolution Radiometer satellite images (~1.1-km × 1.1-km pixel size) with the field data discussed above. LSWT satellite retrieval was performed following Riffler et al. (2015) . A bias and root-mean-square difference within the range of −0.5 to 0.6°C and 1.0 to 1.6°C, respectively, were reported for satellite-based temperatures in comparison with in situ point measurements (Riffler et al., 2015) . For the missions EGL2 and MGL2, satellite overpasses occurred during the field measurements and thus allow a direct comparison. The excerpts from these satellite images corresponding to the field observation areas of the present study are 
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Journal of Geophysical Research: Oceans shown in Figure 8 . Even though they are composed of parts from different pixels, satellite-derived LSWT variability in the areas is much smaller than that observed in the BLIMP maps (Figure 2 ). The complete satellite images of the lake surface show a greater LSWT range ( Figure S2 in SI), thus indicating largescale spatial heat flux variability. The mean LSWTs in the satellite images and the BLIMP images are similar ( Table 3 ), confirming that the satellite image correction is reasonable.
Here, we applied the selected subpixel-scale LSWT maps obtained with our airborne remote sensing platform ( Figure 2 ) together with the calibrated bulk formulas over Lake Geneva (equations 1 to 4a and 4b) to investigate this averaging effect for the surface area of a satellite pixel. A mean spatial filter with variable size was applied to the LSWT patterns to produce thermal maps with different spatial resolution. In this operation, each of the BLIMP pixel values was replaced with the mean (average) value of a pixel and a predefined number of neighborhood pixels. Starting from the LSWT maps at their initial resolution (given in Table 2 ), the filtered patterns at 20-, 100-, and 500-m resolution were estimated. The spatial filter preserves the mean spatial LSWT value in all missions for the various filter sizes. Due to the negligible spatial variability of LSWT in MGL2, the operation was not performed for this case. Figure 9a shows the resulting distributions of the LSWT anomalies with different spatial resolution compared to the mean spatial value at the initial resolution. The results demonstrate that the range of LSWT spatial variability decreases with decreasing pixel resolution. However, the difference between the distributions with 1-and 20-m resolution was found to be negligible. This indicates that the surface temperature features with an O(10 m) horizontal scale were dominant for the selected missions. By further decreasing the pixel resolution, the reduction of the 0.5-99.5 percentiles ranges (whiskers in Figure 9a ) is more pronounced than the interquartile ranges (filled rectangles in Figure 9a ) and is mainly attributed to the progressively disappearing cold features. The LSWT range for the 1-km filtered data is similar to that seen in the satellite images/pictures (Figure 8 ).
From the spatially filtered LSWT maps, the surface cooling Q c maps at different spatial resolutions were estimated using the constant meteorological parameters given in Table 2 as in the analysis of the original maps above. Figure 9b shows the calculated distributions of the Q c anomalies for the selected missions. The surface cooling subpixel-scale variability is higher during the EGL2 mission with a positive skewness that was discussed above. Our results, similarly to Mahrt and Hristov (2017) , demonstrate that under near-neutral conditions (MGL1 and EGL2), LSWT heterogeneity is more influenced by the stably stratified parts of the ABL while the turbulent heat flux spatial variability is dominated by the unstable parts of the ABL.
The area-averaged surface cooling Q c values were also calculated ( Figure S3 in SI) for the same pixel resolutions and for the four selected sion when comparing high-resolution to low-resolution patterns. These findings demonstrate that in the surface heat flux estimation of inland water bodies, the errors associated with the area-averaged LSWT are expected to be higher under near-neutral conditions (Gutowski et al., 1998; Mahrt & Hristov, 2017) , a condition that is not common on an annual basis over lakes (Verburg & Antenucci, 2010; Woolway et al., 2017) . In order to further investigate the effect of the above estimated biases of the calculated surface cooling induced by LSWT subpixel-scale heterogeneity on the overall heat budget of a large lake such as Lake Geneva, and in particular, in a long-term analysis, a more extensive data base would be required; this currently does not exist.
Sensitivity Analysis
The quality of the results is also affected by errors associated with the assumption of constant meteorological data, model simplifications/ limitations (in particular turbulent heat flux parameterizations), and uncertainties in the ZiviCat/BLIMP measured and corrected data, for example, the difference between skin (top 10-to 500-μm layer) and near-surface temperatures (Minnett et al., 2011; Wilson et al., 2013) . To quantify the uncertainty associated with the errors in meteorological parameter sampling, a sensitivity analysis on the mean meteorological parameters was performed. The results (Text S1 and Figures S4 and S5 in SI) revealed that the bias in meteorological condition sampling, particularly wind speed, can affect both the mean and the range of spatial surface cooling. The error in the air temperature may also alter the surface cooling distribution from negatively skewed to positively skewed and hence affect the area-averaged estimates. The air temperature results can approximate the uncertainty associated with the air-water temperature difference and therefore the bias in skin-bulk difference of water temperatures.
To further investigate the effect of the air temperature bias on the results of this study, a sensitivity analysis on the surface cooling estimates of EGL2, MGL2, and MGL3, for which ZiviCat air temperature data are available, was carried out. Minimum, maximum, and mean values of the measured air temperature during a 30-min window at the observation time (Figures 3 and 4) were used to obtain the PDF distribution of Q c anomaly patterns (Figures 10 and S5 in SI) . The results indicated that for MGL2 (very unstable ABL) and MGL3 (very stable ABL) the effect of bias in the air temperatures on the Q c anomalies distribution is insignificant. However, the smaller temperature values tend to shift the ABL conditions toward unstable ABL and consequently change the Q c anomalies distribution (Figure 10a) . The interquartile range, that is, 25-75 percentile, is wider under lower air temperatures ( Figure S5a in SI) . However, the total range (0.5-99.5 percentile) of the Q c anomalies variation is not significant compared to the interquartile range ( Figure S5a in SI) . Furthermore, the EGL2 (Figure 10a ) and MGL3 (Figure 10c ) results show the same skewness under different air temperature values.
In addition, we investigated the effect of turbulent heat flux parameterization by employing the commonly used formulation of Zeng et al. (1998) . The results (Text S2 and Figure S6 in SI) demonstrated that the turbulent heat flux parameterization can affect the subpixel-scale surface cooling heterogeneity and therefore the area-averaged results at the satellite pixel resolution. However, the main spatial features of surface cooling predicted by the two parameterizations were similar. Table 2 and the filtered 20-, 100-, and 500-m pixel resolutions. The white circles, the filled rectangles, and the whiskers indicate the median, the interquartile range (25 to 75 percentiles), and the 0.5 to 99.5 percentiles (indicative for the total range), respectively. Note the logarithmic scale on the x axis. Insets: zoom of the MGL2 results at O(1 m) pixel resolution. The legend in panel (a) gives the date/season of each mission.
Summary and Conclusions
An airborne balloon-launched remote sensing platform (BLIMP) accompanied by an autonomously operating catamaran (ZiviCat) for ground truthing was used to resolve the subpixel satellite scale O(1 m) to O(100 m) LSWT heterogeneity over Lake Geneva. Four different daytime LSWT maps covering different ABL stability conditions were selected to estimate the associated surface cooling spatial variability and the effect of area-averaged LSWT on the surface heat flux estimation at a typical satellite pixel resolution of O(1 km). The bulk aerodynamic relationship implementing Monin-Obukhov similarity was used to calculate the turbulent surface heat fluxes. The meteorological values were assumed to be constant during the short-term studied periods (less than 30 min).
The measured LSWT patterns showed a maximum spatial variation of >2 and >3.5°C at the beginning of spring and in the middle of summer, respectively, under near-neutral ABL and weak wind conditions. The LSWT PDF distributions were negatively skewed, a PDF shape that was attributed to the cold patches and fronts in the selected patterns. Comparison of the cold season LSWT data with those at the beginning of the spring revealed that, in addition to the ABL stability, the net surface energy, surface mixing, and background stratification must be considered when investigating LSWT heterogeneity.
The corresponding calculated surface cooling patterns preserved the main subpixel-scale features of the LSWT data. However, during summer, under stable and unstable ABL conditions, the surface cooling distribution was significantly different than that of the LSWT distribution. This is related to the nonlinearity in the latent heat flux estimation under near-neutral conditions that caused the negative skewness distribution of the LSWT map to turn into a positively skewed surface cooling one. Furthermore, this suggests that using area-averaged LSWT data (not resolving the subpixel-scale heterogeneity) may result in errors in the surface cooling estimation. To address this, we applied a mean spatial filter with variable size to the LSWT patterns of the selected missions. The corresponding surface cooling distributions were then calculated. The results indicate that the heterogeneous-homogeneous differences in surface cooling estimations are greater for near-neutral conditions. Under predominantly stable conditions, the area-averaged surface cooling showed a reduction of~3.5 W/m 2 when the heterogeneous O(1 m) subpixel-scale resolution results were compared with more homogeneous O(1 km) resolution results, typical for satellite pixel scales. For the same pixel resolution variation, the mean surface cooling estimation increased by~0.5 W/m 2 for the predominantly unstable case. Extrapolating such subpixel-scale variability of surface cooling over the entire surface of a large inland water body, for example, Lake Geneva in our case, may significantly modify its overall heat budget analysis, when compared to one based on satellite pixel scales, especially for long-term studies.
These measurements were taken under daytime and weak wind conditions over a large inland water body. Although this study was limited to small sections of the lake surface, it provided unprecedented details and insight into the dynamics of subpixel satellite scale heterogeneity of LSWT. Further field measurement campaigns should be carried out over larger areas and a wider range of conditions, in order to confirm and . These results can be compared with those in Figure 5 where a constant air temperature was assumed.
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extend the present results. The measurement platforms and methodology that we developed can also be useful to study the dynamics of other processes in lakes such as the near-shore processes, for example, thermal biomes.
